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Abstract
Reforms in agriculture have become an integral part in policymaker’s agenda. Research on past reforms 
in various sectors showed their effect on farmer’s decision making regarding the continuum of farm work. 
This research objective is to expand and predict implications of emerging policy reforms on eggs branch 
farmers economics’ viability. The theory presented here aims to analyze the farmer’s decision making 
on income diversification by accounting for socio-demographics, wealth, and peripherality. The study 
of income diversification that is presented here can throw light on how risky the reforms are for farmers 
that their income is exclusively based on agriculture. Logistic regression and classification tree were em-
ployed in analyzing a sample of eggs producers in Israeli’s periphery. The main findings signify that the 
younger, educated, and wealthier farmers who are more peripheral, prone towards diversifying income. 
Policymakers should acknowledge this variability in potential risks while designing agricultural reforms.

Keywords: Reforms in agriculture, Eggs branch, Income diversification, Logistic regression, Classifi-
cation tree

1. Introduction

The rise of issues concerning environmental 
standards, animals’ welfare restrictions, cost of 
living and free markets have led to major struc-
tural reforms in Israeli agriculture sector, initiat-
ing in the 90’s. Structural changes in agriculture, 
in some countries, have been found risky for 
farmers that their income is exclusively based 
on agriculture (Hill, 1993; Kimhi and Reznik, 
2018; Præstholm and Kristensen, 2007).

One strategy to reduce economic risk is by 
diversifying farm households’ income resources 
(Weltin et al., 2017). Engaging in rural enter-
prises such as farm tourism activities is an ex-

ample for diversification (Fleischer et al., 2018). 
Laven et al. (2019, p. 87) argues that “Tourism 
has become a go-to strategy for economic devel-
opment in the peripheries, since it holds promise 
for generating income under conditions when 
other sectors fail, while also being characterized 
by low skill requirements and low barrier to en-
try (Brouder, 2013; Müller and Jansson, 2006)”.

Other common strategy is off-farm work 
(Mishra and Goodwin, 1997; Serra et al., 2005; 
Weltin et al., 2017).

The purpose of this study is to assess econom-
ic implications of the emerging eggs farm policy 
reform in Israel. Specifically, the study aims to 
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assess the ability of farmers to remain economi-
cally viable, by analyzing farmers income diver-
sification strategies. A good understanding of the 
impacts of past agricultural reforms on farmers 
economic viability is twofold. It is essential for 
designing an effective eggs farm policy reforms 
and for gaining better understanding on farmers’ 
income diversification strategy.

The Israeli poultry sector i.e., broiler, turkey 
and egg branches, was operated under heavy 
regulation indicated by allocation of production 
quotas. These quotas were banned for trading. At 
the beginning of the 90’s a farm policy reform ter-
minated the regulation in the broiler and turkey 
branches. Thus, Israeli poultry farmers excluding 
the egg branch, for the first time, could trade pro-
duction quotas. Consequently, part of the farm-
ers benefited from this opportunity and extended 
their production; businessmen were attracted to 
invest in this sector. The reform included require-
ments that meet animal health and welfare, food 
safety and quality standards. The only branch that 
remained under regulation is the egg branch.

These changing conditions have raised bar-
riers for smallholder farmers. The result was a 
rapid exit of producers, an increase in the size 
of existing producers either through purchas-
ing quotas or through mergers. For example, 
pre-reform, there were 3000 smallholder farm-
ers in the broiler branch, post-reform in 1997, 
remained 1300 and since then its number de-
clined considerably.

Analyzing the farmers adopting or nonadopt-
ing to past reforms can be used to predict the 
eggs branch households’ farms economic sus-
tainability and viability, as cited by Pannell and 
Zilberman (2020, p. 5) “Predicting adoption, not 
just explaining past adoption”.

A better design of the reforms, ensuring farmers 
income stability, might led to different results with 
respect to the abandonment of smallholder farm-
ers. Addressing income stabilization goal, Israelis’ 
government support is required to assist farmers to 
cope with the changing conditions. A support that 
is missing in the 90s’ reform. Severini et al. (2016), 
demonstrated the reliance of EU farmers, especial-
ly in small farms, on Direct Payments (DP) deliv-
ered by the Common Agricultural Policy (CAP). 
In accord with drastic reduction in the price sup-

port by the CAP for some sectors, the DP was fully 
appreciable. Thus, in case of changing conditions, 
such as a rise in expenses in order to meet new 
environmental or technical demands, there is a 
need for compensation during that time. As cited 
by Bowman and Zilberman (2013, p. 5): “Public 
incentives to adopt environmentally sustainable 
production methods can help farmers to offset the 
fixed costs of adopting a new technology”.

Beyond the policy makers role in ensuring 
income stability, the farmers decision-making 
on income diversification should be accounted 
for. In accordance with the research literature, 
income diversification decision depends on 
farmers characteristics including entrepreneuri-
al skills and values, wealth, risk perception, so-
cio-demographics, as well as the regional and in-
stitutional environment in which farms perform 
at (De Rosa et al., 2019; Demissie and Legesse, 
2013; Weltin et al., 2017; Reardon et al.,1992; 
Bowman and Zilberman, 2013; Stoorvogel et 
al., 2004; Culas and Mahendrarajah, 2005).

In the context of rural farm diversification, en-
trepreneurial skills and values determine to what 
extent farmers exploit on-farm agricultural oppor-
tunities and serendipitous events, amongst others. 
In a case study, relating to diversification opportu-
nities in remote rural area in Italy, De Rosa et al., 
2019 attempted to understand the entrepreneurial 
capability and course of action of farmers and 
their family. Their main findings are that entre-
preneurial process could emerge from serendipity 
events such as generational renewal and grants 
or funds for farm diversification that are given as 
regional rural policy, as well as, acquiring skills 
to cope with new fields of business such as cook-
ing or tourism. Exploiting opportunities through 
“… co-align multiple factors to increase perfor-
mance” (De Rosa et al., 2019, p. 296) i.e., “Re-
source Orchestration” is found to be a part of the 
continuous process of strategizing entrepreneuri-
al skills and values and mitigating risk. Dries et 
al. (2012) found that the presence of a successor 
indicated tendency to diversify income and thus 
continuity of the family business.

Considering the farmer’s wealth, it is sug-
gested that the wealthier farmers tend to be less 
risk averse, due to having in land or non-land 
assets. These resources provide them some sort 
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of security while expanding their activities. This 
diversification compensates for possible income 
instability in the agricultural sector (Reardon et 
al.,1992; Newbery and Stiglitz, 1981).

In addition, subsidy, or fixed yearly income, 
provided by the government, increase farm 
households’ wealth and income. This signifies 
a decline in risk aversion, consequently, reduc-
ing the incentive for working off the farm. This 
governmental policy plays a role in the farm-
ers decision-making concerning off-farm work 
(Serra et al., 2005).

Relating to socio-demographic characteris-
tics, education, and age, through cluster analy-
sis, Morris et al. (2017), found that “no off-farm 
income” cluster 1 consisted of the old age and 
less educated farmers. These farmers are char-
acterized by limited use of technologies and as 
reluctant to engage with subsidy opportunities. 
In reference to studies in Latin America analyz-
ing household participation in rural non-farm 
employment and income, Reardon et al. (2001), 
point out, that higher level of education advanc-
es nonfarm incomes. As cited by Llewellyn and 
Brown (2020, p. 107): “Greater efforts to rec-
ognize and characterize the education status of 
a population are likely to improve the ability to 
predict adoption rates by smallholder farmers, 
particularly since many have low level of formal 
education and literacy”.

In respect to regional and institutional en-
vironment in which farms perform at, within 
the agricultural sector, regional specialization 
is frequent. Typically, in some parts of a coun-
try, animal production is dominant, while oth-
er parts specialized in crop production. Due to 
specialization, low diversification is expected. 
Nonetheless, larger farms are more diversified 
than expected. Controlling for other charac-
teristics, this account for not being sufficient 
economies of scale to undertake specialization 
or complying with environmental standards 
(Culas and Mahendrarajah, 2005).

Dries et al. (2012) demonstrate that farms lo-
cated in remote mountainous area in Italy, are 
more prone to diversify income (off-farm ac-
tivity). Maye et al. (2009) point out that income 
diversification is essential survival strategy in 
marginal areas.

Following Newbery and Stiglitz (1981) and 
Reardon et al. (1992), it is assumed that house-
hold utility is a negative function of income 
instability. Accordingly, the risk perception of 
households’ farms is risk aversion.

Thus, beyond governmental support, in order 
to stabilize income and hence to avert risk, an 
income diversification is required. Respectively, 
any analysis of reforms derivatives should con-
sider farmers income diversification.

This study presents an analysis of farmers 
income diversification, in the eggs branch in 
Israel, using insights from the agricultural eco-
nomics research literature. In practice, the study 
evaluates the diversification decision by using 
age, level of education, wealth, and regional fea-
tures as explanatory variables.

The paper is organized as follows. Section 2 
provides a brief description of the poultry sector 
globally and locally. Section 3 presents the data 
collected and lays out the empirical approach for 
data processing and analyzing. Section 4 pre-
sents the results. Section 5 concludes.

2. Poultry sector globally and locally

Based on the Global Livestock Environmental 
Assessment Model (GLEAM 2.0, 2016), 73 mil-
lion tons of eggs and proximity 100 million tons 
of poultry meat were produced globally in 2016. 
Global per capita consumption of eggs and poul-
try meat increased considerably between 1961 
and 2010 (FAOSTAT, 2016). In future outlook 
on the global poultry production, Mottet and 
Tempio (2017) particularly relates to the im-
portance of the poultry sector as a key to miti-
gate poverty and provide economic viability for 
smallholders. These researchers recommend that 
policies issued to account for climate change as 
well as human, animals and environmental im-
pacts, need to consider the smallholders’ farms 
“capacity to react and invest, the cost associated 
with dissemination, extension and monitoring 
change and the different entry points for pub-
lic policies in the different production systems” 
(Mottet and Tempio, 2017, p. 254).

In Israel, 20% of the total annually agricultural 
production, proximity 6,148 million NIS, were 
produced in the poultry sector by 3600 house-
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holds’ farms (Moshavim) and Kibbutzim. Table 
1 presents the 2019 annual poultry production 
distribution along the various branches.

The Israeli poultry sector was operated un-
der heavy regulation indicated by allocation of 
production quotas. At the beginning of the 90’s 
a farm policy reform has been performed. The 
reform intentions were increasing production ef-
ficiency, decreasing consumer prices while pro-
tecting the household’s farms.

This reform terminated the regulation in the 
broiler and turkey branches (the eggs branch 
remained under regulation). The broiler and 
turkey producers are mainly the Kibbutzim and 
the Moshavim farms. This study focuses on the 
structural changes in the Moshavim.

Figure 1 and Figure 2 describe the structural 
changes in these branches relating to the number 
of producers and the production in the Moshavim.

The reform in the broiler branch resulted in an 
overwhelming decrease in the number of house-
holds’ farms from 1,311 in 1997 to 332 in 2016 
(Figure 1). The actual decrease is more dramatic, 
since prior to the reform execution, in 1993, the 
number of producers was 3,000. The total pro-
duction increased from 88,214 tons in 1997 to 
300,432 tons in 2016 (Figure 1).

The same direction was observed in the turkey 
branch: a decrease in the number of households’ 
farms from 227 in 1997 to 64 in 2016 (Figure 2); 
a moderate increase in the total production from 
55,768 in 1997 to 59,998 in 2016 (Figure 2).

Considering the structural changes, it is pro-
posed to analyze this process as an impact of the 
reform which permitted the farmers to trade their 
quotas. Consequently, some farmers increased 
their farm at other’s expense, some formed 
partnerships and merged their farms and most 

Poultry branch Number of producers Quantity NIS in millions Percentage
Broiler 590 521,000 tons 3,425 55.7%
Turkey 85 94,000 tons 633 10.3%
Eggs 2,859 (2,186) x 106 eggs 1,124 18.3%
Breeding 66 (250) x106 chicks 966 15.7%
Total 3,600 6,148 100%

Table 1 - Poultry annual production.

Source: Israeli Egg and Poultry Council.

Figure 1 - Structural chang-
es in Broiler’s production 
during the reform.
Source: Israeli Egg and 
Poultry Council.
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of the farmers left these branches. Overall, the 
production is concentrated by a small number of 
producers and the goal to protect smallholders’ 
farmers economically viable, was missed.

The main research objective of this paper is 
not just explaining past adoptions of new farm-
ing routine, it is predicting adoption or dis-adop-
tion of an emerging agricultural reform in the 
eggs branch. This is the only branch that re-
mained regulated in the poultry sector.

A trial of farm policy reform in the eggs 
branch has been carried out in 1994. One of the 
reform principals was discarding the produc-
tion limitations as determined by quotas alloca-
tion. This principal is the common denominator 
in past reforms in the dairy sector (Kimhi and 
Reznik, 2018) as well as in the poultry sector. 
As discussed previously, this structural change 
led to massive abandonment of smallholders’ 
farmers. Few years later, minor changes oc-
curred in the eggs branch as quotas’ transferring 
from one farmer to another, still, this branch re-
mained regulated. Thus, the quotas policy, the 
Galilee farmers’ subsidy, and the egg’s price 
supervision, stand unaltered. Accordingly, the 
number of farmers in the eggs branch hardly 
changed as opposed to the massive decline in 
the other poultry branches. Figure 3 describes 
the number of producers in the Moshavim. In 
Israel, eggs are produced solely by the Moshav-

im farmers, largely in the Galilee and the rest in 
the center of Israel.

Considerable portion of Moshavim were es-
tablished in the 50s’. These settlements were 
populated by immigrants, mostly, in distant ar-
eas of the country (Kimhi, 2011). Agriculture 
has been their prime source of income. Region-
al specialization occurred within Israeli’s eggs 
branch. In the mountainous parts of Israel, the 
Galilee and Jerusalem area, egg is the main ag-
ricultural branch. The process of regional spe-
cialization has taken place in several developed 
countries. As a case study, Culas and Mahendra-
rajah (2005) studied this process in Norwegian 
agriculture, where in some parts of the country, 
the animal production was dominant, while oth-
er parts specialized in crop production.

Government’s total commitment to agricul-
tural development, to embracing agriculture as 
national mission, is considered the first factor of 
Israeli’s success. This commitment stems from 
ideology, leading to prioritizing, planning, and 
coordinating programs and policies, resulting 
in massive agriculture production (Abraham et 
al., 2019).

Nonetheless, following three and four decades 
since the 50s’ (80s’ and 90s’), Moshavim with 
larger reliance on agriculture are worse off. It is 
evident that the prioritizing of agriculture and the 
importance of assuring farmers well-being, have 

Figure 2 - Structural chang-
es in Turkey’s production 
during the reform.
Source: Israeli Egg and 
Poultry Council.
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lessened. Subsequently, in order to maintain the 
national commitment to agricultural sector, poli-
cy makers need to compensate farmers for struc-
tural changes occurring in the sector, as cited by 
Kimhi (2011, p. 40) “… if governments want to 
keep farmers in business, for the benefit of the 
entire population, they have to reward them for 
the public goods they provide indirectly”.

The implications of using a new farming prac-
tice in the poultry sector in Israel have been ne-
glected in the vast rural and agricultural research 
literature. This research advances an analysis of 
adopting new farming as a process. One-fold 
is explaining the effects of past reforms on the 
broiler and turkey branches (section 2). The 
second fold is analyzing implications of future 
structural changes, in the eggs branch, on farm-
ers behavior (sections 3 and 4).

3. Data and model specification

This paper uses survey data from 2016 of 
379 eggs branch farmers in six Moshavim in 
the Galilee region, Israel. The percentage of 
the eggs branch farmers in the Galilee is 67% 
(1,915) of the total (2,859). The survey was 
designed in accordance with the research pur-
pose, thus, including age (numeric) and educa-

tion level of household head (nominal); size of 
eggs quota (numeric); the Moshav (nominal); 
the diversifying strategy by participation in 
non/off-farm employment activities (nominal). 
The information was manually collected from 
hardcopies of the survey items. This is a unique 
data set, in that, for the first time, information 
on income diversification of eggs farmers in Is-
rael was collected.

3.1. Data and descriptive statistics

The mean age is 61, the mode age is 72. These 
statistics are remarkably high. The range of the 
size of eggs quota is extremely wide. The mini-
mum and maximum quota sizes are 268,000 and 
5,841,000 eggs, respectively. The 75th and 25th 
percentiles equal 614,000, which signifies one 
quota, and an interquartile range of zero. Less 
than 25 percent of the farmers have more than 
one quota, hence, the analysis relates to coding 0 
for having utmost one quota, 1 otherwise. The 0 
and 1 categories frequencies are 301 (79%) and 
78 (21%), respectively.

It is worth nothing that the price of a quota 
is extremely high, thus, this variable could be 
considered as an adequate measure of the house-
holds’ wealth.

Source: Israeli Egg and Poultry Council.
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The sampled Moshavim belong to the same 
regional council, a primer producer of the 
eggs branch, located in the Western Galilee. 
All the Moshavim are categorized as nation-
al prioritized region due to proximity to the 
northern border of Israel. Within the regional 
council, the Moshavim are not homogeneous 
in respect to the peripherality indexes, as well 
as, the distance from the border. Table 2 dis-
plays these statistics within the regional coun-
cil including the number of households in the 
sampled Moshavim.

The Peripherality Index is a normalized value, 
calculated by weighted average of potential ac-
cessibility index and the proximity to the bound-
ary of the Tel-Aviv district. All the indexes are 
negative, i.e., below average. This accounts for 
the fact that all the Moshavim are in the northern 
periphery of Israel, near the border with Leba-
non. The distance from the border is few meters 
for Moshav 3, 4 km for Moshav 6 and more than 
4.5 km for the rest of the Moshavim. The index 
rank indicates the position of the Moshav con-
sidering 1,210 localities.

The coding for the nominal variable “educa-
tion level” is 0 for secondary school or less and 1 
for post-secondary education. The 0 and 1 cate-
gories frequencies are 317 (84%) and 62 (16%), 
respectively.

All the sampled households are egg produc-
ers, income diversification relates to additional 
income sources, as follows: other agricultural 
branch (Other), residential or commercial units 
for long-term rent (Rent), rural accommodations 
for short-term (Accommodation), household 
head off-farm activity (Off-farm), spouse’s off-
farm activity (Spouse). Table 3 displays the in-
come diversification prevalence.

The statistics presented in Table 3 show that 
the mode of income diversification is “No in-
come diversification”, hence, most egg produc-
ers (61.5%) have no other source of income. 
Acknowledging that the sum of the various 
frequencies exceeds 379, it is evident that the 
farmers income may be diverse by more than 
one source. To illustrate, 25 out of 150 farmers 
in rural accommodations for short-term (Ac-
commodation), engage in another agricultural 
branch (Other), as well.

Peripherality Index (Rank) Frequency
1 -0.63 (303) 63
2 -0.67 (288) 63
3 -1.03 (123) 77
4 -0.76 (234) 59
5 -0.75 (241) 57
6 -0.79 (216) 60

Frequency Percent
No income 
diversification 233 61.5%

Other 94 24.8%
Rent 17 4.9%
Accommodation 150 39.6%
Off-farm 90 23.7%
Spouse 32 8.5%

Table 2 - The prevalence of eggs branch households’ 
farmers and the peripherality index for each moshav.

Source: Central Bureau of Statistics (2015).

Table 3 - The prevalence of income diversification.

This frequency table indicates that less than 
38% of the farmers have diversified their in-
come, furthermore, the frequency of some cat-
egories is extremely low. Subsequently, it is 
justifiable to transform income diversification to 
binary variable, coding 0 for absence of income 
diversification and 1 for its presence.

3.2. Model specification

To learn about the relationship between the bi-
nary dependent variable – income diversification 
– and the exogenous variables – age (interval), 
wealth (binary), Moshav (nominal) and the level 
of education (binary) – logistic regression (Hos-
mer and Lemeshow, 2000) and classification tree 
(CART; Lewis, 2000) were used.

Employing these two techniques provides two 
different ways of treating the variance in the ef-
fect of the exogenous variables. In logistic re-
gression any variable that affects the probability 
of diversification decision will alter the variance 
of the observation, hence, the residuals, that is, 
the difference of the observed diversification de-
cision and the predicted value, are not homog-

1-821 NEW_MEDIT_02-2021_interno okkkk.indd   71 23/06/21   14:19



NEW MEDIT N. 2/2021

72

enous across levels of the exogenous variable. 
Nonetheless, transforming the deviation (the 
residual) by the function: twice the logarithm 
of the likelihood function (i.e., 2 × log (residu-
al)) makes the residuals homogenous across the 
values of the exogenous variables. Classification 
trees (hereafter CT) consider the variance in the 
effect of the exogenous variables by heteroge-
nous manner. It is reducing the variance by prun-
ing of the decision trees, i.e., removing sections 
of the tree (removing variables and/or values) 
that provide little power to classify instances.

Furthermore, in line with logistic regression, 
probabilities are the terms used when inferring 
from the sample, nonetheless, using CTs enables 
another mode of thinking. Rather than thinking 
of probabilities, the terms used are categories, 
such as “no diversification” versus “diversifica-
tion” (Lewis, 2000).

3.2.1.  Logistic regression analysis
This method enables us to estimate the prob-

abilities of diversifying income, i.e. the mean 
response in binary variable, as a function of the 
exogenous variables. In line with the research lit-
erature, this study hypotheses that the probability 
of diversifying income is higher amongst young-

er, educated, and wealthier farmers. Considering 
the regional environment effect, this study hy-
pothesized that individual differences between 
the Moshavim determine the probability of diver-
sifying income, as well. It should be noted that 
when testing each hypothesis, the other variables 
are controlled for. The hypotheses testing results 
are given and discussed in section 4.

The general form of the logistic model is ex-
pressed as follows. Let y represents the binary 
diversifying income decision. y equals 1 upon 
diversifying and 0 otherwise. Let (x1, x2, x3, x4, 
x5, x6, x7, x8) represent the exogenous variables. 
x1 denotes Age (numeric), the coding for x2, x3, 
x4, x5, x6, x7, x8 is given in Table 4.

Let p denotes the conditional probability (the 
mean response):Let p denotes the conditional probability (the mean response): 

p=Pr(𝑦𝑦 = 1ǀ	𝑥𝑥*, 𝑥𝑥,, 𝑥𝑥-, 𝑥𝑥., 𝑥𝑥/, 𝑥𝑥0, 𝑥𝑥1, 𝑥𝑥2). 

The linear combination of the exogenous variables is as follows: 

𝛽𝛽5+𝛽𝛽* ∙ 𝑥𝑥* + 𝛽𝛽, ∙ 𝑥𝑥, +	𝛽𝛽-	 ∙ 𝑥𝑥- + 𝛽𝛽.	𝑥𝑥.+𝛽𝛽/ ∙ 𝑥𝑥/ + 𝛽𝛽0 ∙ 𝑥𝑥0 +	𝛽𝛽1	𝑥𝑥1 + 𝛽𝛽2 ∙ 𝑥𝑥2 

The parameters 𝛽𝛽8 (i= 0,…,8, 𝑥𝑥5=1) are the unknown variables weights. To link this linear combination to the conditional 

probability, the term “odds” and the logit function should be defined. The odds of an event are the probability that the 
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(1) (2) (3) (4) (5)

Moshavim

x3
(Moshav 1) 1 0 0 0 0

x4
(Moshav 2) 0 1 0 0 0

x5
(Moshav 3) 0 0 1 0 0

x6
(Moshav 5) 0 0 0 1 0

x7
(Moshav 5) 0 0 0 0 1

Moshav 6 (baseline) 0 0 0 0 0

Education: x8

0 (less educated) 1

1 (more educated) baseline
0

Wealth: x2

0 (quota<=1) 1

1 (quota>1) baseline
0

Table 4 - Parameter coding.
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3.2.2.  Classification Tree analysis
A CT analysis is a tree-building technique for 

generating decision rules. It is composed of a 
root node, internal nodes, and leaf node. The fi-
nal decision or prediction taken after following 
the path from root to leaf (expressed as a classi-
fication rule) is represented by leaf nodes.

The analysis is a form of binary recursive par-
titioning. That is, the root node that includes all 
the dataset can be split into two subsets, over and 
over again (recursively), forming additional sub-
sets. The partitioning algorithm splits the data to 
an increasingly homogenous subsets (purer sub-
sets) with respect to the possible outcomes (bi-
nary) of the dependent variable. There are sev-
eral methods that could be employed for search 
of the variables that best split the dataset, i.e. 
the variables that creates increasingly homoge-
nous subsets, purer subsets. This study’s classi-
fication tree was created using Information Gain 
theory algorithm for identifying the best splitter 
by WEKA software. According to Information 
Gain theory, the criteria for finding the best split 
is the variable that decreases the entropy, i.e. the 
uncertainty, that accounts for greater informa-
tion gain. This is illustrated as follows.

Let Entropy(t) represent the entropy of diversi-
fying income decision. t equals 1 upon diversify-
ing and 0 otherwise. Let p (1), p (0) denotes the 
prevalence of observations that choose to diversify 
and to not diversify, respectively. Thus, the entro-
py of diversifying income decision is defined by

let ni denotes the ith subsample size of an exoge-
nous variable (i=0,1,…,k), n the sample size and 
Entropy(i) the entropy of diversifying income 
decision upon splitting by the exogenous vari-
able. The information gain (IG) is calculated by

IG (t, split by an exogenous variable) =

The following is an example of the use of IG 
when splitting by Education. The input for this 
example is given by Diversification * Education 
Crosstabulation in Table 5.

Entropy(t)=

Entropy(i=0, Education) =

Entropy(i=1, Education) = 

IG (t, split by Education) =

The entropy of diversifying income decision 
upon splitting by the nominal exogenous varia-
bles is 0.96 for Wealth and 0.89 for Moshav, thus, 
IG (t, split by Moshav) is the highest. Consider-
ing these three variables, as a starter split to pre-
dict the diversification decision, Moshav should 
be chosen. Acknowledging that there is another 
exogenous variable (Age), the analysis must con-
sider the IG of all four variables. The WEKA soft-
ware is used to determine the starter split.

4. Results and discussion

4.1. Predictions of diversifying income 
probabilities

Following logistic regression approach Table 
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wealthy farmer to diversify income are 0.77 
times the odds of a wealthy one (baseline). The 
odds ratio is calculated by !!" !#$%

&'
''%

=0.77 

).+,+
!-).+,+

= 0.43, 

 

, thus, 

Diversification
0 1 Total

Wealth
Less wealthy 189 112 301
wealthy (baseline) 44 34 78

Moshav

1 43 20 63
2 39 24 63
3 37 40 77
4 34 25 59
5 51 6 57
6 (baseline) 29 31 60

Education
Less educated 206 111 317
More educated (baseline) 27 35 62

Table 5 - Diversification * Exogenous variable crosstabulation.

the estimator of the Wealth coefficient β
2
 equals 

-0.27. The negative sign of the estimator means 
that the transition from the wealthy farmer to the 
less wealthy reduces the level of diversification. 
It follows that the probability of a less wealthy 
farmer to diversify equals 

!!"
!#$%

&'
''%

=0.77 

).+,+
!-).+,+

= 0.43, 

 

, equal-

ly, the probability of a wealthy farmer to diver-
sify equals 0.57. For the sake of simplicity, the 
above calculations are under the assumption 
that Wealth is the only exogenous variable in 
the model. Acknowledging that there is more 
than one exogenous variable, the analysis must 
consider the impact of all the additional varia-
bles. Table 6 presents the estimators, βi, for each 
variable in the model as calculated by Statistical 
Package for the Social Sciences (SPSS) software.

Relating to the research hypothesis given in 
section 3, the probability of diversifying in-
come is higher amongst younger, educated, and 
wealthier farmers with individual differences be-
tween the Moshavim logistic regression verifies 
this conjecture. Particularly, the odds ratio (βs) 
of a farmer to diversify is negatively related sig-
nificantly to his wealth ( 2  =  0.69, p < 0.05), 
and education ( 8  =  0.62, P < 0.05) that is, the 
transition from the wealthy and/or the educated 
farmer to the less wealthy and/or less educated 
one reduces the level of diversification. Simi-

Table 6 - Results from logistic regression analysis us-
ing exogenous variables for estimating diversifying 
income.

Notes: * p<0.05, **p<0.001. Dependent variable: di-
versification decision; Model: Constant, age, wealth, 
Moshav, education. All significant coefficients’ Wald 
chi-square are above 2. The values of minus 2log(like-
lihood) and chi-square are 438.883, 3.856 (p=0.870) 
respectively. Cox and Snell R2 = 0.144. Nagelkerke 
R2 = 0.195.

Variables Coefficients 
(β)

Significance 
Level (p)

Constant 3.18 0.000**
Age -0.03 0.002*
Wealth
Baseline: (quota >1) -0.69 0.02*

Moshav 1 -0.99 0.013*
Moshav 2 -0.87 0.028*
Moshav 3 -0.37 0.318
Moshav 4 -0.73 0.062
Moshav 5 -2.66 0.000**
Education
(baseline: post-
secondary education) 

-0.62 0.044*

larly, the older are less likely to diverse income 
( 1  =  0.03, p < 0.05). Further, relating to Mos-
hav 6 and given the same age, wealth and educa-
tion scores, a farmer in Moshav 1 ( 3  =  0.99, 
p < 0.05), Moshav 2 ( 4  =  0.87, p < 0.05), and 
Moshav 5 ( 7  =  2.61, p < 0.001) is significant-
ly less likely to diversify income. The negative 
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relationship of the farmers of Moshav 3 ( 5  =  
0.37, p > 0.05) and Moshav 4 ( 6  =  0.73, p > 
0.05) to diversify income is not significant.

Determining that the βs are significant means 
the logistic regression model predicts the prob-
ability of diversification decision better than its 
mean. The meaning of this is using the odds ra-
tios for the nominal and the numeric predictors. 
This model is demonstrated in the following cal-
culations:

For a less wealthy, less educated, farmer of 
age 61 who leaves in Moshav 1, the probability 
of diversifying income is estimated as:

For a wealthy, less educated, farmer of age 61 
who leaves in Moshav 1, the probability of di-
versifying income is estimated as:

Overall, the more quotas the farmer owns (the 
wealthier the farmer is) the level of diversifica-
tion is higher.

For a less wealthy, less educated, farmer of 
age 61 who leaves in Moshav 3, the probability 
of diversifying income is estimated as:

Relating to individual differences between 
the peripherality of the Moshavim, as illustrat-
ed in the two probabilities: 0.28, 0.42, for Mos-
havim 1 and 3, respectively, the probability of 
diversifying in Moshav 3 is higher compared to 
Moshav 1.

4.2. Predictions of diversifying income 
decision

Considering the purpose of predicting the di-
versifying decision, by employing Information 
Gain theory as the criteria for finding the best 
split, CT model selected Moshav as the best pre-
dictor, as presented in Figure 4 for starter split.

The terminal nodes are framed with double 
lines and a single bold line for the decision to 

diversify income (1) and to not-diversify (0), re-
spectively.

The branch of this root node comprises of the 
whole training samplings. Thereafter, the pro-
cess of building up the tree consists of producing 
splitting rules. Evidently, the next best predictor 
after the Moshav is Wealth for Moshavim 1 and 
6 and Education for Moshavim 2 to 4. Figure 
4 presents the entire splitting rules and the final 
decisions.

Apparently, there are few homogenous or pure 
subsets in respect to diversifying decision. The 
terminal node in one pure subset is “not diver-
sify” concerning farmers in Moshav 1 that are 
wealthy (quota≥1), less educated and older than 
60 years of age. The terminal node in four pure 
subsets is “diversify” concerning farmers in 
Moshav 6 that are wealthy; farmers in Moshav 1 
that are wealthy, less educated and younger than 
60 years of age; farmers in Moshav 2 that are 
less educated, wealthy and older than 64 years of 
age; farmers in Moshav 3, educated and younger 
than 30 years of age.

Following the path from root to leaf, several 
subsets are impure. Succeeding the first split by 
Moshav, the final decision for Moshav 5 is “not 
diversify” with misclassification rate of 10.5% 
(6/57). The second-best split for Moshav 4 is 
by Education leading to terminal node at “not 
diversifying” if the farmer is less educated and 
“diversifying” if he is educated; misclassifica-
tion rates are 37% and 38%, respectively. The 
final decision for Moshavim 2 and 3 is “not di-
versify” for less educated and less wealthy farm-
ers with misclassification rates of 47% and 22%, 
respectively.

All in all, relating to the validity of predicted 
instances in the CT method, 241 (64%) and 138 
(36%) were correctly and incorrectly classified.

In interpreting the overall results, we recall 
that the old aged and less educated farmers are 
prone to not-diversify income (Morris et al., 
2017; Llewellyn and Brown, 2020; Reardon et 
al., 2001), thus, the empirical findings in the 
present study give an additional support to the 
research literature.

In case of the Moshav effect, there are indi-
vidual differences, regarding peripherality, in 
diversifying income. Within the agricultural sec-
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tor, regional specialization is frequent, thus, low 
diversification is expected (Culas and Mahen-
drarajah, 2005). In this study, it is evident that 
the more remote the Moshav, the farmer is more 
likely to diversify income. This research innova-
tive approach is that the higher the peripherality 
of the rural village is, so is the farmers tendency 
to avert risk. A possible strategy to reduce risk is 
to diversify income.

Expectations of farmers could be additional 
variable adequate to analyze diversifying deci-
sion. Expanding the spectrum of controlled var-
iables, could result in a reduction of unexplained 
variance or incorrectly classified instances. It is 
plausible to consider these variables when ration-
alizing the evolution of the Moshavim’s establish-
ment and the eggs branch in the Galilee region. 
Government’s historical commitment to embrac-
ing agriculture and rural settlement as national 
mission, formed implicit expectations among the 
farmers that the government is obligated towards 
their sustainability and viability. This variable 
was not measured in the current research.

5. Conclusions

This study aims to assess the ability of farm-
ers to remain economically viable, by analyzing 
farmers income diversification strategies.

Past farm policy reforms in the poultry sec-
tor, excluding the eggs branch, resulted in a 

rapid exit of smallholders’ farms. Addressing 
issues regarding the farmers ability to cope with 
changing conditions arising from implementing 
these past reforms, is highly relevant to predict 
the farmers survival considering the planned 
eggs farms reform. The binary diversifying in-
come decision is evaluated for a sample of farm 
households in Israeli periphery. The research 
uses logistic regression and classification tree 
as methods of data analysis. The main findings 
signify that the younger, educated, and wealthier 
farmers who are more peripheral, prone towards 
diversifying income. Regarding classification 
tree method, these results conform the paths de-
rived from the initially best predictor – the Mos-
hav ‒ to the leaf nodes.

Lessons should be learned from past reforms 
and from this study determinants of diversify-
ing decision. The threat of canceling regulation 
that resulted in voluminous exit of smallholders’ 
farms, as recognized in past reforms, is gen-
uine. The profile of the farmer that chooses to 
not diversify income, as well as, the variability 
in the peripherality index, needs to be consid-
ered by policymakers when implementing new 
reforms. One main area of consideration should 
be endowing the farmers that “put all the eggs in 
one basket”, by direct payments. Another area 
of consideration should be incentivizing the next 
generations (generational renewal) to preserve 
the family farm and the local production. The 

Figure 4 - Determination of diversifying decision using CT analysis.
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outburst of COVID-19 intensifies the impor-
tance of reliance on local eggs production.

This research proposes a theoretical frame-
work for predicting and explaining reforms eco-
nomic implications, considering income diversi-
fication strategy of farmers. Future studies may 
apply this research methodology and theory to 
analyze farmers economic viability using other 
types of rural populations in the periphery.

Future studies may analyze farmers economic 
viability using additional insights from classical 
and behavioral economics (Pannell and Zilber-
man, 2020) such as farmers risk perceptions or 
expectations. Following De Rosa et al. (2019), in 
order to conduct unsupervised research, a quali-
tative methodology based on a case study of one 
family farm in rural Israel needs to be carried on.
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